Witham CL, Baker SN. Coding of digit displacement by cell spiking and network oscillations in the monkey sensorimotor cortex. Band oscillations occur in motor and somatosensory cortices and muscle activity. Oscillations appear most strongly after movements, suggesting that they may represent or probe the limb's final sensory state. We tested this idea by training two macaque monkeys to perform a finger flexion to one of four displacements, which was then held for 2 s without visual feedback of absolute displacement. Local field potential (LFP) and single unit spiking were recorded from the rostral and caudal primary motor cortex and parietal areas 3a, 3b, 2, and 5. Information theoretic analysis determined how well unit firing rate or the power of LFP oscillations coded finger displacement. All areas encoded significant information about finger displacement after the movement into target, both in ␤-band (ϳ20 Hz) oscillatory activity and unit firing rate. On average, the information carried by unit firing was greater (0.07 bits) and peaked earlier (0.73 s after peak velocity) than that by LFP ␤-oscillations (0.05 bits and 0.95 s). However, there was considerable heterogeneity among units: some cells did not encode maximal information until midway through the holding phase. In 30% of cells, information in rate lagged information in LFP oscillations recorded at the same site. Finger displacement may be represented in the cortex in multiple ways. Coding the digit configuration immediately after a movement probably relies on nonoscillatory feedback, or efference copy. With increasing delay after movement cessation, oscillatory processing may also play a part.
␤-OSCILLATIONS (ϳ15-30 Hz) in the sensorimotor cortex have caused considerable research interest over the last decade. The oscillations are found throughout the sensorimotor cortex in humans and monkeys and are coherent with activity in muscle and other motor structures (Baker et al. 1997; Conway et al. 1995; Halliday et al. 1998; Murthy and Fetz 1992; Salmelin and Hari 1994; Soteropoulos and Baker 2006) . Several studies have shown that human corticomuscular coherence changes with task parameters such as digit displacement (Kilner et al. 2000; Riddle and Baker 2006) and accuracy (Kristeva et al. 2007 ) and after learning (Perez et al. 2006) . Rubino et al. (2006) showed that oscillations propagate across the motor cortex in waves; the latency and amplitude of these oscillations coded visual target direction during a center-out reaching task.
A number of functions have been proposed for oscillations. They may represent a cortical "idling rhythm" (Pfurtscheller et al. 1996) or a more active process of suppression (Pfurtscheller and Neuper 1997; Salmelin et al. 1995) related to the stabili-zation of a fixed posture (Gilbertson et al. 2005) . They could play a role in "binding" different muscle representations involved in the same task (Conway et al. 1995) . However, during ␤-oscillations, reaction times are not increased (Gilbertson et al. 2005) , as might be expected from a suppression mechanism, and oscillatory synchrony is not limited to task-dependent neurons (Murthy and Fetz 1996) , as might be expected from ideas on binding. Baker et al. (1999) proposed that oscillations provided a mechanism for the efficient recruitment of spinal motoneurons. In a related idea, Schoffelen et al. (2005) suggested that higher-frequency (␥) oscillations promoted effective corticospinal interactions during motor preparation.
Recent experiments in both humans and monkeys have suggested that oscillations may be involved in sensorimotor processing. Both descending and ascending systems seem to contribute to corticomuscular coherence (Riddle and Baker 2005; Witham et al. 2011) , and oscillations occur in sensory afferents ) and in the somatosensory cortex (Brovelli et al. 2004; Witham et al. 2010 ). This has led to the suggestion that oscillations may traverse a sensorimotor loop, from the motor cortex to the periphery and then back to the somatosensory cortex Riddle and Baker 2005) . By measuring the response to this "test pulse," the sensorimotor system may estimate some property of the peripheral state (MacKay 1997) . In agreement with this idea, corticomuscular coherence modulates depending on the displacement of the digits (Riddle and Baker 2006) . However, to date, no experimental evidence has revealed precisely what information might be gathered by the sensorimotor system in this way.
In this study, we investigated the modulation of ␤-band oscillations in multiple regions of the macaque sensorimotor cortex while animals performed a finger flexion task requiring them to generate a range of finger displacements. Vision of the hand was occluded, and the task was designed to remove other visual cues on the current digit placement. Under these conditions, we speculated that oscillatory reafference might contribute to updating internal estimates of the peripheral state. Consistent with this idea, we show that ␤-band oscillations in local field potentials do indeed encode digit displacement.
METHODS
Full details of the behavioral task, surgical implants, and recordings are given by . Briefly, two female rhesus macaques were trained to perform an index finger flexion task for a food reward. The index finger was placed in a rigid tube attached to a torque motor and optical encoder, a configuration that permitted movements only around the metacarpophalyngeal joint. The task consisted of flexing the finger into a target at one of four different displacements (6, 12, 18, and 24°, defined relative to the posture where the index finger was coplanar with the palm as 0°) against a resisting torque of either 32 or 64 mNm. As this report focuses on the coding of digit displacement, we combined the high-and low-torque trials together, giving four task conditions. The finger was held at constant displacement for 2 s and then released. The target and finger displacement were indicated by different colored cursors on a display screen viewed by the monkey. The gain of the relationship between screen cursors and actual finger displacement changed on each trial, such that the target always appeared in the same position on the screen regardless of the desired finger movement. This ensured that there was no visual information about the absolute finger displacement.
Once trained, monkeys were implanted, under full anaesthetic and aseptic conditions, with a headpiece to allow stable recordings, and a chamber was positioned over the central sulcus (Baker et al. 1997; Lemon 1984) . A full course of antibiotics and analgesics was administered after each surgery. During daily recording sessions, a 16channel Eckhorn drive (Baker et al. 1999 ) was used to make multiple local field potential (LFP; sampled at 500 Hz) and single unit recordings (sampled at 25 kHz). The different cortical areas were identified by a combination of receptive field testing and noting motor responses to stimulation. The single units were discriminated offline using custom-written cluster cutting software (Getspike, S. N. Baker). All procedures were carried out under the authority of licences issued by the United Kingdom Home Office under the Animals (Scientific Procedures) Act (1986) .
Analysis. Previous work by this laboratory and others has focused on the average amplitude of oscillations (power spectrum). Although an essential descriptive measure, this does not take account any trial-to-trial variability, which is important in determining whether a signal could reliably encode a behavioral parameter. In this report, we used information theory to quantify how the modulation of oscillations (in LFP) and firing rate (of single units) coded task condition in a time-resolved way. Information theory takes into account trial-totrial variability and provides a measure in binary digits (bits) of how well a particular signal codes for a behavioral parameter. In this case, the signals were the power of the LFP oscillations at frequencies between 5 and 45 Hz and the firing rate of single units. The behavioral parameters were the four task conditions (6, 12, 18, and 24°displacements) . Consider a naïve observer, who does not know which one of these four task conditions was performed on any one trial. Their uncertainty (entropy) is quantified as two bits, since it would require two binary digits to communicate with them which condition was performed. If our analysis determines that a physiological variable codes one bit of information in this task, this indicates that it carries half of the information required for unambiguous decoding of trial condition.
We began by differentiating the finger displacement to produce finger velocity (Fig. 1A) . The peak velocity (cyan arrow in Fig. 1A ) at the start of each trial was then used for subsequent alignment of the LFP and single unit data. For each trial, signals were segmented into 512-ms sections, using a sliding window that moved in 128-ms steps relative to the velocity peak alignment event (boxes in Fig. 1A ). Each window was then analyzed separately.
For single units, analysis consisted simply of counting the number of spikes within each window. For a given window time offset relative to the alignment event, we then formed a histogram showing the distribution of spike count across all trials with the same digit displacement ( Fig. 1E ; bin width of 1 spike count). For LFP, the power spectrum was estimated from each single window. If the fast Fourier transform of the 256-point data section is denoted as F(f), the power [P(f)] was as follows:
Using this normalization, P(f) has units of V 2 (Press et al. 1989 ); examples of two such spectra from two different trials are shown in Fig. 1B . The raw spectra were smoothed by replacing each bin between 5.8 and 42.9 Hz with the sum of that bin and the one either side of it (Fig. 1C ). Finally, as for the spike counts, we formed the distribution of the power value at a given time and frequency, across repetitions of the same task condition. The bin width for this histogram was fixed so that 40 equally spaced bins spanned the smallest to largest power values obtained (Fig. 1D ).
These histograms, showing the distribution of spike count or power across trials with the same digit displacement, were the starting point for the information theory analysis. The raw histograms (Fig. 1, D and E) were smoothed by convolution with a Gaussian kernel (width parameter: 1 bin; overlaid lines in Fig. 1, D and E) . These smoothed histograms, normalized by the number of trials, estimated P(R|C), the probability (P) distribution of the neural response (R) given the task condition (C). Averaging across all four available task conditions yielded P(R), the probability distribution of the neural response.
The entropy (H) of these probability distributions, as well as the information encoded by the neural response about the task condition, was then calculated using the following formulas (Ash 1990) :
where J is the number of bins used in the histograms used to discretize R and i indexes the four different task conditions. Information (I) is measured in units of bits. It indicates how much a naïve observer could learn, on average, about which task condition had occurred if they had access only to R. As noted above, because there were four task conditions, the maximum information that could be encoded was 2 bits.
The distributions P(R|C) and P(R) are estimated from limited data, which leads to a bias in the entropy calculation. As fewer trials contribute to each P(R|C) than to P(R), the bias affects H(R|C) more than H(R), leading to an upward bias in the information (Treves and Panzeri 1995) . This was corrected using the quadratic expansion method (Strong et al. 1998 ). The biased entropy (H EST ) was assumed to be related to the actual entropy (H ACT ) as follows:
where N is the number of trials used to compile the underlying probability distribution and a and b are constants. The available trials were divided into two or four sections, and entropy was recalculated for these smaller data sets. This yielded a measure of H EST for N, N/2, and N/4 trials. Quadratic fitting then allowed H ACT , a, and b to be determined. H ACT is an unbiased estimate of the entropy, which, on average, will equal the entropy that would be measured with a very large number of trials. This was used in all subsequent analyses. Significance testing. For each time or time-frequency bin, power or spike count values were randomly shuffled across the four task conditions, and the information was recalculated using the above method 100 times. This produced a distribution of shuffled information values; the 95th percentile of this distribution was taken as the significance level (P Ͻ 0.05) for each time-frequency bin.
To test whether there was significant mean information at a particular time or time-frequency bin across all LFPs or cells for a given area, the distributions of shuffled information for individual LFPs or cells were convolved together to form the distribution of the mean under the null hypothesis. The 95th percentile of this distribution was taken as the significance level (P Ͻ 0.05). Although an appropriate significance level for individual time-frequency bins, we need to correct for multiple comparisons when assessing whether there was any significant information in the time-frequency map as a whole. To do this, we first determined the number of independent bins, computed from nonoverlapping data sections. There were 42 independent timefrequency bins for the analysis of LFP information and 6 independent time bins for the analysis of spike count information. Using a binomial distribution, we calculated that 6/42 or 2/6 bins should test as significant, with individual significance levels of P Ͻ 0.05, before we could accept that there was an effect with an overall significance level of P Ͻ 0.05.
Histology. At the end of experiments, monkeys were deeply anesthetised (pentobarbitone, 60 mg/kg ip) and perfused through the heart with PBS (pH 7.2) followed by a 4% formal saline fixative. For both monkeys, 50-m parasagital sections of the sensorimotor cortex were cut and stained with cressyl violet. These were used to confirm the location of the different cortical areas and, together with details of penetration sites and electrode depths, to reconstruct the approximate locations of the recording sites. The electrodes rarely left visible tracks because of their small diameter (80 m; see Mountcastle et al. 1991) .
RESULTS
LFPs from a total of 206 sites were recorded from monkey M [83 sites from the primary motor cortex (M1), 45 sites from area 3a, 19 sites from area 3b, 48 sites from area 2, and 11 sites from area 5] together with 249 cells (108 cells from M1, 51 cells from area 3a, 20 cells from area 3b, 59 cells from area 2, and 11 cells from area 5). A total of 178 LFPs were recorded from monkey L (81 LFPs from M1, 58 LFPs from area 3a, 11 LFPs from area 3b/1, 5 LFPs from area 2, and 23 LFPs from area 5) together with 296 cells (173 cells from M1, 73 cells from area 3a, 16 cells from area 3b/1, 9 cells from area 2, and 25 cells from area 5). Results for each area and each monkey are described separately below. M1 recordings were divided up into those recorded from the rostral M1 (M1r; recordings no more than 3 mm beyond the first encountered cells) and caudal M1 (M1c; deeper than 3 mm beyond the first cells). There is increasing evidence showing that the M1r and M1c constitute two phylogenetically distinct areas with different inputs and outputs (Rathelot and Strick 2006, 2009; Tanji and Wise 1981) .
Example data. Figure 2 shows two examples of LFP and single unit recordings, one recording from the M1c in monkey L (recorded at a depth of 4.0 mm below the first encountered neural spikes; Fig. 2 , A-E) and the second recording from area 2 in monkey M (Fig. 2, F-J) . For the M1c in monkey L, the raw LFP trace ( Fig. 2A) showed clear oscillations during the hold period of the smallest displacement condition (6°target). The average lever position ( Fig. 2B ) and firing rate (Fig. 2C ) were calculated using the same time bins as the timeresolved power spectra in Figs. 2, D and E. The firing rate of the single unit shown in Fig. 2C was greatest for the largest displacement. As expected from previous work, LFP oscillations around 20 Hz were greatest during the task hold period (ϳ1-2 s after peak lever velocity, based on Fig. 2B ). These oscillations were clearest for the smallest displacement condition (Fig. 2 
For the illustrated recordings from area 2 in monkey M, clear oscillations were seen in the hold period for both trials (18°t arget followed by 6°target; Fig. 2F ). The firing rate of this Fig. 1 . Method for processing data. A: example local field potential (LFP) trace and single unit firing for one trial together with finger position and velocity traces. The cyan arrow indicates the time of peak velocity used to align the trial. Dotted boxes indicate the sliding window used to segment data, and black arrows indicate the increment for successive windows. B: power spectra for the windows shown in A together with the spike count for these windows. The box indicates the frequency range used in the main analysis. Dotted lines indicate the frequency range used for significance testing. C: smoothed power spectra corresponding to those in B generated by summing adjacent three frequency bins. D: histograms of power values across trials for the two task conditions (6 and 24°displacement) for the frequency range of 15.6 -19.5 Hz. E: histograms of spike count values for the two task conditions (6 and 24°displacement). In D and E, the overlaid lines show smoothed distributions, generated by convolution with a Gaussian kernel. Values were calculated for the time window 1.2-1.7 s after peak finger velocity (red box in A). single unit (Fig. 2H ) was largest for the smallest displacement (in contrast to the illustrated unit from the M1c shown in Fig.  2C ). Although there was high power at ␤-frequencies after the movement of the lever into target (Fig. 2, I and J) , this did not vary between different finger displacements.
LFP information. Figure 3 shows how information about finger displacement from LFP oscillations varied with time and frequency. Results are shown for each area for monkey M (Fig.  3A) and monkey L (Fig. 3B) together with a reconstruction of the approximate recording sites. In these displays, time-frequency bins with no significant information are shown in black. Significant information was not consistently seen at frequencies higher than those shown in Fig. 3 . In the histological reconstructions, the approximate location of each recording site was plotted on a representative transverse section of the sensorimotor cortex. The size of the circle marking each site represents the maximum information obtainable from LFP oscillations in the ␤-band range (15.6 -25.4 Hz for monkey M and 13.7-23.4 Hz for monkey L; these ranges were chosen based on the individual power spectra for each monkey).
There was significant displacement information in LFP oscillations for both monkeys and across all areas (a minimum of 6 of 42 independent time-frequency bins were significant in all cases, binomial test, overall P Ͻ 0.05). In both animals, the time-resolved information plots for the M1r and M1c showed a peak in information in the ␤-frequency range; the size of this peak was larger for monkey L. Information became significant ϳ500 ms after the moment of peak finger velocity used for alignment (approximately the start of the hold period, cf. Fig.  2, B and G) and remained significant throughout the hold period. In monkey M, the somatosensory areas (areas 2, 3a, 3b, and 5) showed a consistent rise in information starting ϳ150 ms after finger peak velocity and reaching a maximum 500 ms after peak velocity. There was a subsequent decline in information during the hold period. In contrast, in monkey L, somatosensory areas 3a and 3b/1 showed a similar sustained Fig. 2 . Data from single session recordings in the primary motor cortex (M1c) in monkey L and area 2 in monkey M. A-E: data from the caudal M1 (M1c) in monkey L. F-J: data from area 2 in monkey M. A and F: LFP trace and single unit firing recorded on the same electrode for two consecutive trials together with the finger position trace. Shaded boxes indicate the target. The dotted lines show the time of peak finger velocity for each trial. The thin black lines show the end of the hold period for each trial. B and G: average finger displacement for the four different task conditions. C and H: perievent time histograms (PETHs) for the four different task conditions. D and I: average time-resolved power for the 6°task condition. E and J: average time-resolved power for the 24°task condition. All plots except A and F are aligned to peak finger velocity (time 0). time course of information as measured in the M1. In both monkeys, LFP information in the ␤-band peaked earlier in the S1 than in M1 (0.3-0.5 s earlier in areas 2/5 than in the M1, Kruskal-Wallis test, P Ͻ 0.05).
The histological reconstructions also showed that the maximum information in ␤-band LFP oscillations was smaller for monkey M (M1r: 0.021 Ϯ 0.003 bits, M1c: 0.023 Ϯ 0.005 bits, area 3a: 0.045 Ϯ 0.004 bits, area 3b/1: 0.043 Ϯ 0.008 bits, area 2: 0.036 Ϯ 0.004 bits, and area 5: 0.024 Ϯ 0.003 bits, median information Ϯ SE) than monkey L (M1r: 0.060 Ϯ 0.004 bits, M1c: 0.059 Ϯ 0.008 bits, area 3a: 0.053 Ϯ 0.006 bits, area 3b/1: 0.086 Ϯ 0.019 bits, area 2: 0.072 Ϯ 0.005 bits, and area 5: 0.051 Ϯ 0.004 bits).
Spike count information. Figure 4 shows how information about finger displacement decoded from the spike rate of single units varied with time relative to the finger peak velocity. Results are shown for each area and monkey separately (Fig.  4A, monkey M; Fig. 4B, monkey L) . There was significant displacement information in spike count for both monkeys and across all areas (minimum of 2 of 6 independent time bins were significant, binomial test, overall P Ͻ 0.05). As shown in Fig.  3 , the peak information found for a given site was denoted on the histological reconstruction of recording sites using different sized circles. For comparison, the information measured from LFP oscillations at the ␤-band frequency bin containing the information peak has been overlaid (cyan lines).
In most areas, the information available in spike rate was low before peak finger velocity and started to rise shortly afterward. As shown in the information content of LFP oscillations, there was a difference between animals in the overall profile of information. For monkey M, information in spike rate peaked ϳ500 ms after the peak finger velocity. In contrast, in monkey L, information rose at this time but then remained high for the remainder of the task hold phase. The peak information in spike rate in both monkeys occurred slightly earlier in the M1 than in the S1 (ϳ0.2 s earlier); however, this was not significant (Kruskal-Wallis test, P Ͼ 0.05).
The histological reconstruction makes it clear that some of the individual sites coding greatest information about lever displacement were in areas 2 and 3a for both monkey M (M1r: 0.15 Ϯ 0.02 bits, M1c: 0.03 Ϯ 0.01 bits, area 3a: 0.11 Ϯ 0.02 bits, area 3b/1: 0.09 Ϯ 0.04 bits, area 2: 0.12 Ϯ 0.02 bits, area 5: 0.06 Ϯ 0.05 bits, all given as median information Ϯ SE) and monkey L (M1r: 0.08 Ϯ 0.01 bits, M1c: 0.06 Ϯ 0.02 bits, area 3a: 0.10 Ϯ 0.01 bits, area 3b/1: 0.05 Ϯ 0.01 bits, area 2: 0.12 Ϯ 0.02 bits, and area 5: 0.06 Ϯ 0.01 bits). In addition, the M1 appeared to divide into two distinct regions based on the information content of the single unit spiking. Cells in the M1r, close to the surface, coded more information than those within the bank of the central sulcus (Kruskal-Wallis test, P Ͻ 0.001).
Timing of information in spike rate. Figure 4 shows that, across the population, information about task condition was present earlier in spike rate than in ␤-band LFP oscillations. However, this population average may mask considerable heterogeneity in timing. To investigate this, we determined, for each single cell, the time of maximum information about task condition. Figure 5B shows the distribution of this time across all recorded cells; for simplicity, data from different cortical areas have been combined. For ease of visual comparison, averaged finger displacement is shown within the same time frame in Fig. 5A . In monkey M, the majority of cells (74%) showed maximal information 0 -0.89 s after the peak finger velocity ("early," cyan shading); however, there were some cells that best encoded task condition at later times ("late," red shading). In monkey L, the distribution was more uniform, with 48% of cells encoding task condition maximally in the 0-to 0.89-s window after peak finger velocity. Figure 5C shows averages of the information time course, compiled separately for cells with early and late peaks in information. For the cells in the late category, information about displacement rose gradually throughout the task.
Relationship between information coding by spike rate and LFP oscillations. In the population averages shown in Fig. 4 , the spike rate information began to rise earlier than information in oscillations in almost all cases. However, the results shown in Fig. 5 demonstrated that there could be considerable variation in when the firing of a single cell became informative about the task condition. To learn more about the temporal sequence of information coding in spikes versus LFP, we first chose sites with a single unit and LFP ␤-band oscillations that coded significant information about finger displacement; examples are shown for single sites from area 2 in monkey M and M1r in monkey L (Fig. 6A ). The variation of information with time relative to peak finger velocity was then calculated for both measures, and a cross-correlation was calculated (Fig. 6B , for examples shown in Fig. 6A ). From this, the lag of the correlation peak was extracted. Negative lags indicate that spike rate tended to encode displacement earlier than LFP; positive lags that LFP encoded displacement earlier than spiking. The distribution of peak lags for each animal is shown in Fig. 6C . The bin color in these plots mark cells that were classified as early (cyan) or late (red) based on the timing of the peak information in their spike rate (Fig. 5B) . In both animals, at the majority of sites, information in spiking preceded that in LFP. In general, cells that coded information late had information in LFP oscillations at that site earlier than in cell spiking.
Relationship between displacement and spectral power. Any measure that varies consistently between experimental conditions will yield information about those conditions. However, the presence of significant information does not indicate how the measure modulates. To investigate this, for single sites, we measured the LFP power in a time-and frequency-resolved way, as previously described. The power at the time-frequency bin with maximal information was then plotted against finger displacement for single trials, and a linear regression analysis was performed. If there was a significant linear relationship between the power and displacement, it was classified as either positive (power increases linearly with displacement) or negative (power decreases linearly with displacement). Note that it would be possible for a site to encode significant information without showing a significant linear relationship between power and displacement, so that this analysis only examines a subset of the possible information coding present.
The results of the regression analysis are shown in Fig. 7 . For each monkey, the proportion of sites with different regression relationships was calculated at each time point of the task, averaging across frequencies in the ␤-band. For monkey M (Fig. 7A) , all areas showed an increase in the proportion of sites with a positive power-displacement relationship (red line) ϳ250 ms after peak velocity; the time course of this proportion mirrored the changes in information shown in Fig. 4A . Few sites had a negative power-displacement relationship, although this fraction increased a little during the task hold period.
In monkey L (Fig. 7B) , the results in the M1 and area 3a were the opposite of those in monkey M. At the time of increased information, there was a sustained increase in the number of sites with a negative power-displacement relationship. In contrast, in monkey L, areas 2 and 5 showed a predominantly positive relationship.
The relationship between power and displacement at individual sites is shown in histological reconstructions for monkey M (Fig. 7A ) and monkey L (Fig. 7B) . The markers were colored based on the relationship between power and displacement at the time-frequency point with the highest information in the ␤-band range (15.6 -25.4 Hz for monkey M and 13.7-23.4 Hz for monkey L). For monkey M, across all sites, the relationship tended to be positive; for monkey L, the relationship tended to be negative. However, for both monkeys, there were examples of neighboring sites showing opposite relationships.
DISCUSSION
Initial work on ␤-band oscillations reported them in the M1 and in muscles (Baker et al. 1997; Conway et al. 1995; Halliday et al. 1998; Murthy and Fetz 1992; Salmelin and Hari 1994) . This naturally led to concepts of this activity mode centered on a motor function. However, subsequent work has revealed that ␤-band oscillations are also present in somatosensory pathways Brovelli et al. 2004; Murthy and Fetz 1992; ) and that there is bidirectional coupling between the sensorimotor cortex and the periphery (Riddle and Baker 2005; Witham et al. 2011; Witham et al. 2010) . Once it is appreciated that oscillations traverse a sensorimotor loop, this opens up a wider range of potential functions. As first suggested by MacKay (1997) and subsequently elaborated by Riddle and Baker (2006) and , one exciting possibility is that oscillations function as a test pulse. By sending a known oscillation to the periphery and measuring the response, the central nervous system could learn something of the peripheral state.
The task examined here deliberately created an uncertainty in the peripheral state of the hand. Depending on the task condition, the index finger was flexed between 6 and 24°to reach the target. There was no direct vision of the hand. By changing the gain between finger displacement and the cursor movement on the computer display viewed by the animal, we ensured that this screen appeared identical in each task condition, also removing any visual information about the absolute digit displacement. Under these conditions, we predicted that oscillatory feedback might be used to interrogate the periphery, contributing to the animal's representation of hand conformation.
In practice, the way in which the animals performed this task allowed them to gather some information about the task condition without peripheral feedback. Based on the behavioral data shown in Fig. 5A , they initiated a trial with a rapid finger flexion and monitored visually whether the cursor overshot the target. A subsequent extension correction movement then brought the cursor into target: the size of this correction varied systematically with the target displacement. Efference copy of the motor command would thus be expected to differentiate effectively between task conditions (Gandevia et al. 2006) . In support of this, many cells encoded information about the task early on during the trial performance ( Figs. 4 and 5, B and C) . It is known that somatosensory areas receive important input from the M1 (Jones et al. 1978 ), which we have previously suggested may convey efference copy information (Witham et al. 2010) . There would also be nonoscillatory input from sensory receptors in the periphery at this time. It is thus not unexpected that even postcentral neurons would code significant task information early in the trial.
However, it was clear from the results shown in Fig. 5 that neurons in these sensorimotor areas displayed considerable Fig. 6 . Correlation between LFP ␤-band information and spike count information. A: single site examples of spike count information and LFP information for monkey M and monkey L. B: cross-correlation plots between LFP information and spike count information for sites in A (where r is the Pearson correlation coefficient). C: distribution of lags between LFP information and spike count information across population. Negative lags mean that spike count information leads LFP information. Sites were divided based on whether the spike count information had an early or late peak (see Fig. 5 ). heterogeneity. A substantial minority of cells did not reach their peak information coding of task condition until the task hold phase (Fig. 5, B and C) , during which oscillations were most prevalent (Fig. 2, D, E, I, and J) . This timing suggests that these cells might be responding to peripheral feedback to update the internal representation of the digit displacement. In these cells, ␤-band oscillations in the local circuit often encoded task condition earlier than the firing rate (Fig. 6) . This is consistent with the use of an oscillatory test pulse to probe the periphery, subsequently leading to an update of the internal representation.
If this idea is correct, several features of our results suggest that oscillations are used in a complex way, which defies any simple notions of how oscillatory reafference might contribute. First, the time profiles of task-dependent information differed markedly between the two animals (Figs. 4 and 5), although their task performance appeared similar. The only obvious difference between these animals worthy of note was in the number of trials performed per day: ϳ1,300 versus 650 trials for monkey M and monkey L, respectively. Interindividual differences have been previously reported for the magnitude of corticomuscular coherence, in healthy subjects with no obvious differences in motor behavior (Ushiyama et al. 2011; Witham et al. 2011) . Second, oscillatory power varied with displacement in a heterogeneous way (Fig. 7) across sites. This is in marked contrast to our previous work in humans, where corticomuscular coherence increased consistently between subjects with increased digit displacement (Riddle and Baker 2006) . It is likely that the extensive spatial averaging of electroencephalograms in humans compared with the much more focal nature of the present LFP recordings in monkeys may underlie this difference. Finally, information about digit displacement appeared relatively late in LFP (Fig. 5B ). This is clearly not the source of moment-by-moment feedback of digit displacement required by the animal for successful movement execution but is more consistent with some slower process, perhaps akin to a "recalibration," where a delayed time course would have no consequence and could vary between individuals without affecting overt performance.
We may interpret the finding that LFP oscillations encode digit displacement in two ways. One possibility is that this is actually the form in which this information about peripheral state is encoded and manipulated by the sensorimotor system. There has been much interest in temporal coding over the last 25 yr (Arabzadeh et al. 2006; Optican and Richmond 1987; Panzeri et al. 2010 ). An extreme view would be that firing rate changes are merely an epiphenomenon of the storage and manipulation of information in temporal codes, of which network oscillations could be one example. An alternative interpretation might be that the sensorimotor system uses oscillations as part of the computations required to build up a representation of peripheral state, for example, by comparing oscillatory descending commands with ascending oscillatory reafference (Riddle and Baker 2006; Witham et al. 2010) or by interacting multiple travelling waves over the cortical surface (Rubino et al. 2006) . In this case, encoding of displacement by oscillatory power would be an epiphenomenon of these ongoing computations, whose eventual result would be expressed in the more conventional code of neural firing rate.
Multiple afferent classes appear to contribute to perception of digit position, including muscle spindles (Burgess et al. 1982; Matthews 1988; McCloskey 1978) and cutaneous (Burke et al. 1988; Collins and Prochazka 1996; Edin and Johansson 1995; Edin and Abbs 1991) and joint (Ferrell and Craske 1992; Ferrell et al. 1987; Gandevia and McCloskey 1976) receptors; there is also a contribution of efference copy (Gandevia et al. 2006) . Baker et al. (2006) showed that afferents could encode ␤-band oscillations in electromyograms. Some units were identified as muscle spindle Ia afferents using spike-triggered averaging; these did encode oscillations. In contrast, a population of afferents tentatively identified as cutaneous receptors did not show coherence with electromyogram oscillations. It is therefore probable that any processing of proprioceptive information using oscillatory reafference would involve mainly muscle receptors.
In this study, we found that area 3b cells and LFPs coded similar amounts of information about digit displacement as area 3a cells and LFPs. However, there are clear differences in the receptive field properties between these two areas. Area 3a receives inputs from muscle spindle afferents [although some cells also receive cutaneous inputs (Krubitzer et al. 2004) ], whereas area 3b has inputs from cutaneous afferents. Since the focus of this study was on the proprioceptive areas, we recorded only a small number of cells from area 3b, preventing a thorough comparison of the two areas. It seems likely that cells in the two areas coded different properties of the task. Information in area 3b cells was likely generated by differential activation of pressure-sensitive cutaneous receptors on the digit (since the index finger was placed in a tube) as well as receptors responding to skin stretch around the digits during different displacements. In contrast, information in area 3a cells would result from differential activation of muscle spindle afferents both in flexor and extensor muscles.
In conclusion, this report has demonstrated that both ␤-band oscillations and single unit firing rate can encode digit displacement in a range of sensorimotor cortical areas. The timing of the encoding within unit firing is consistent with a major role for efference copy and/or rapid sensory feedback from the periphery, which does not involve oscillations. However, some units do not show the maximal variation in their discharge with digit displacement until late in the trial performance. This is consistent with a slowly developing update of peripheral state after movement, which could be mediated by oscillations and their coupling with the periphery. Further work is needed to characterize this process and to establish whether the units that encode information with some delay after a movement provide any unique information about other parameters not characterized here.
